Motivation: The solubility of a protein is crucial for its function and is therefore an evolutionary constraint. As the solubility of a protein is related to the distribution of polar and hydrophobic residues on its solvent accessible surface, such a constraint should provide a valuable insight into the evolution of protein surfaces. We examine how the surfaces of proteins have evolved by considering how the average hydrophobicities of patches of surface residues vary across homologous proteins. We derive distributions for the average hydrophobicity/philicity of surface patches at a residue-based level-which we refer to as the residue hydrophobic density. This is computed for a set of 28 monomeric proteins and their homologues. The resulting distributions are compared with a set of randomized sequences, with the same residue content. Results: We find that the patches, involving typically more than 10 residues, maintain a more hydrophilic surface than one would expect from a random substitution model, indicating a cooperative behaviour for these surfaces residues in terms of this single variable.
INTRODUCTION
It has become increasingly apparent that the solubility of a protein plays a crucial role in its stability and function (Dobson, 2002) . Proteins must, and do, exhibit a large range of solubilities in water. Structural proteins need to be insoluble while active proteins, such as enzymes, which may occur at high concentrations in vivo, must be highly soluble. This suggests that although many residues on the surface are not closely packed or critical for function, they are nevertheless constrained during evolution for reasons of solubility. A theoretical analysis of protein surface composition could give us some insight into this behaviour. Unfortunately, little is understood, from a theoretical standpoint, of the relationship among * To whom correspondence should be addressed. the hydrophobic content, structure and solubility of the protein. While there has been much progress from a simplistic Debye-Hückel approach towards predicting the behaviour of the solubility of a protein with respect to a change in the salt concentration of the solvent (Arakawa and Timasheff, 1985; Jenkins, 1998) , predicting the solubility of a protein from its structure (let alone the original sequence) lies beyond the limits of present physical/chemical techniques.
One clear experimental observation has been that the solubility of a protein is predicated upon an excess of polar atoms on the surface of the protein in question (namely, an absence of large hydrophobic patches) (Schein, 2001; Sim and Sim, 1999) . Certainly, there has recently been some success in engineering a protein structure from a combinatorial library of 'binary' sequences, which are designed to have purely polar residues on one side of the relevant secondary structure and non-polar on the other (Wei et al., 2003) . A priori then, one would expect all surface residues that are not part of an interface or active region to have a large polar component (or only expose polar atoms to the surface). In naturally occuring proteins, the situation is complicated and we see a combination of hydrophobic and hydrophilic residues on the surface of the protein.
Another observation is that the solvation of the surface of a protein is a collective phenomenon. This is born out from high resolution X-ray crystallography where the position of surface waters can be placed reasonably accurately. For example, Nakasako (2001) demonstrated, from studies of cryogenically frozen protein structures, that surface waters (in the first and possibly second coordination shell) can exist in large networks, where the waters are hydrogen bonded to each other and to polar atoms from the protein that are distributed across the surface of the protein.
In the light of the above observation, we hypothesize that residues on the surface are not individually constrained by solubility requirements, as opposed to the core, where a single mutation can affect packing or a key folding event. Instead, we suggest that solubility is a cooperative phenomenon best understood by considering local groups of residues or surface patches. With this in mind, we present a study on the hydrophobic character of the surfaces of a set of monomers and ask if we observe any constraints on them. We attempt to characterize the nature of patches on these proteins amongst homologous proteins. In particular, we ask if individual mutations occur independently of neighbouring residues. We do so by comparing the distribution of resulting average hydrophobicities for each patch against a distribution of average hydrophobicities generated from randomized sequences that satisfy the variation of residues at each sequence site. This is related to the examination of pairwise correlations between residues in homologous sequences (Oliveira et al., 1993 (Oliveira et al., , 2002 Göbel et al., 1994; Olmea et al., 1999; Pazos et al., 1997; Lockless and Ranganathan, 1999; Pollock et al., 1999) (i.e. correlated mutation analysis). However, as we have noted previously, since solubility is a macroscopic propertydetermined by many residues in a patch, strict pairwise correlations are not appropriate for this study. For example, Mandel-Gutfreund et al. (2001) considered the conservation and covariation of residue pairs on antiparallel β-sheets, in particular hydrogen-bonded and non-hydrogen-bonded pairs on opposing strands and i, i + 2 pairs on the same strand. All three types of pairs indicated evidence of increased covariation in the pairs on the surface of proteins. This is surprising if one expects that the nature of the bonds between the residues dominates their evolution, but not so if the solubility criteria (and thereby patches) dominate. Nonetheless, it is a very relevant question to ask if considering pairwise correlations would be sufficient for observing any possible cooperative behaviour. With this observation, we also construct a set of randomized sequences where pairs of residues are conserved and compare these with the observed distributions.
MATERIALS AND METHODS

Residue hydrophobic density: definitions
To characterize the local environment on the surface of a protein, we define the residue hydrophobic density (RHD) for a residue a as
The residue hydrophobicity scale H b is similar to that defined by Fauchere and Pliska (1983) listed in Table 1 , which was determined using octanol/water distribution coefficients (Yunger and Cramer, 1981; Cornette et al., 1987) . It should be noted that we multiplied this scale by −1, in order to maintain the convention that increasing the horizontal scale increases the hydrophobicity, and multiplied it by 100 so that we could use integer-based arithmetic. In order to define the neighbourhood, N R a , we defined the centroid of the accessible atoms of a particular residue as the average of their displacements and then using the resulting centroids and a cut-off of 12 Å, namely where the vector r a is defined as
with r ai is the displacement of an accessible atom i of residue a and R a the set of accessible atoms of residue a. The parameter n a is the number of elements in R a . An atom is defined as being accessible if it has a 5% (or greater) relative accessibility, as determined by the program NACCESS (Hubbard and Thornton, 1993) . In order to avoid patches comprising residues from opposite 'sides' of a protein, we employed the method of Jones and Thornton (1997) where we define a 'solvent vector' for each centroid, defined as the difference of the displacement vector of the centroid and the centre of gravity of those atoms that are within 12 Å of the centroid. We take the solvent vector of the central residue of the patch as the representative solvent vector of that patch. If any other residue is an element of that patch, then its solvent vector must lie in a direction that is <60 • away from the representative solvent vector. Typically, using this choice of parameters, there are 15 residues in a patch.
Sequence conservation of RHD
Having defined the RHD for each site on the surface of a protein, one can now ask how much it varies over some set of related sequences. In particular, if we assume that homologous proteins have the same list of neighbours structurally for equivalent sequence sites, once we know N R a for residue site a, we can determine the RHD for a homologous protein. Having computed the RHD for a site over a number of sequences, one can now evaluate a probability distribution of the RHD for a site a over a range of homologous sequences, which gives us an insight into the variability of that surface patch during evolution (whether that be for orthologues over many different species, or paralogues in the same species).
In order to provide a control to compare these observed results with, we need to generate patches with the same geometry as the observed patches, but with a randomized residue content. In particular, we wish to ascertain if, in the first instance, the evolution of accessible residues is correlated with its neighbours. We furthermore ask if such a correlation exists, can it be determined entirely in terms of nearest-neighbouring pairs of residues.
The null hypothesis in the first case states that the evolution of accessible residues is independent of its neighbours. This constrains the choice of residues that can be used for the randomization. A suitable randomization scheme would be to pick residues for a particular site that have already been observed at this site and to choose them without any correlation to the observed residues at its neighbouring sites. Likewise, the null hypothesis for the second case states that the evolution of pairs of residues are independent of other pairs. In this second randomization case, we then pick observed pairs of residues without any correlation to other observed pairs.
A concern with these choices of randomization is that it strongly constrains the possible number of randomized patches. However, as there are typically 15 neighbours per patch, then if only a few (3-4) possible residues have been observed per site, there are still of the order of 15 3 possible combinations that can be sampled from.
Randomization: single site variation
We require a scheme for generating randomized patches as a comparison, in particular we initially wish to examine the case where individual sites vary without correlation to any neighbours. The algorithm used can be most easily explained using a simple example. Let us assume that we wish to compute a probability distribution over the following sequence fragments for the patch centred at site 1,
and that the patch (along with 1) comprises the sites at 2, 3 and 4.
In the first instance, we see that sequences 316925 and 109582 have deletions at site 3 and 1, respectively. We expect that the residue positions for these proteins will be very different from the initial protein in that region, so these sequences are discarded from the calculation of the RHD. We expect this to be a local distortion, and that there is a sufficient global structural similarity at this level of homology that elsewhere on the protein surface the residue positions will be less distorted from the original protein. As a result, we include these discarded sequences in the calculation of the distribution of the RHD at a different site if all the relevant residues do not have any deletions. To get a reasonable estimate of the probability distribution for any particular patch on a given protein, we only include calculations of the RHD where we have 100 or more sequences.
For each of the remaining sequences, the RHD is computed using Equation (1). The resulting range of values are binned and we get an estimate of the distribution of the RHD for the observed set of data at site 1. We wish to generate a set of random lists for sites 1-4 from these data and then recompute the distribution using this set. In order to generate the random lists we examine the residues along the relevant columns, again ignoring the lists where there are deletions, so in this case site 1 is all G and therefore all lists at this site will have the same residue. At site 2, one encounters a Q or T and so all random lists for this site will have either of these residues. Likewise, all random lists for site 3 will be V or A and random lists at site 4 will be either L or R. For each site, by considering random combinations of these 'allowed' residues, we generate 1000 lists and compute the distribution as before. We compare the distributions to see if the combinations observed in nature are different from the randomized cases.
One question remains about the randomization process-at any one site, with what probability should a particular residue be picked? One possible, but costly, solution is to compute all possible lists. However, we shall employ a scheme where each type of observed residue is picked with an equal probability of any other residue type, e.g. at site 2, the residues T and Q are picked with equal probability. This generates a selection of all possible combinations but excludes the evolutionary bias towards certain favoured combinations which we are trying to discover. This choice of weighting scheme has the virtue of circumventing biases due to collecting sequences from a number of very similar species.
Randomization: pairwise variation
In order to explore the effect of pairwise correlations in this cooperative behaviour, we construct a similar randomization scheme as above, where we conserve pairs of residues from individual sequences rather than individual residues. In this case, we pick those pairs where the correlation is likely to be strongest, namely nearest-neighbouring residues. For a given sequence, we pair nearest-neighbouring (surface) residues. If a given nearest neighbour is already in a pair then the next to nearest neighbour is picked, and so on. For oddly numbered sequences, we do not pair the N-terminal residue. We create the randomized sequences in the same fashion as above, except now pairs of residues are drawn from the sequences using the above pairing list. We ignore sequences with deletions at one or both sites. In the previous example, if sites 3 and 4 are nearest neighbours, then the pairs (V , L), (V , R) and (A, R) are possible residues for sites 3 and 4 respectively, but (A, L) is not.
If the cooperativity is limited to only these 'closest' pairs, the resulting randomized distributions from this approach should be equivalent to the observed distributions.
RESULTS
Alignments and distributions per site
Homologous sequences to the observed set of 96 monomers (Ponstingl et al., 2000) were found using PSI-BLAST (Altschul et al., 1997) and a non-redundant database of sequences collated from GenBank (Benson et al., 2003) , PIR (Barker et al., 1998) , Swiss-Prot (Boeckmann et al., 2003) and the EMBL Nucleotide Sequence database (Kulikova et al., 2004 ) generated using the NRDB program (Gish, 1992) and passed through PFILT, (D.T. Jones) to eliminate transmembrane and coiled-coil regions and compositional bias in the sequences. A cut-off of E < 10 −40 was employed to ensure a reasonable, accurate alignment. As stated previously, in order to eliminate spurious fluctuations due to low statistics, we eliminate sites and proteins where there are less than 100 homologous sequences. Using these criteria, we found 28 proteins from our original list, listed in Table 2 . From these alignments, probability distributions were generated for all patches. Equivalent single-site randomized sequences were generated and the resulting distributions were also measured. The randomized results were rechecked by recomputing them for 10 000 randomized patches. The distributions were found not to have changed significantly for almost all (4154) of the observed patches.
Overall summary of RHD distribution
We compute the mean of the distribution of the RHD for each patch, RHD and histogram all the means for each protein and patch. The results can be seen in Figure 1 . We note a clear excess of observed patches in the hydrophilic region of the distribution. We also note that in the hydrophobic tails of the two distributions, i.e. for values of the RHD >50, the distributions are in fact quite similar.
Means of the observed RHD distribution; an individual protein
A typical example is shown for a particular patch from one protein, an arginine kinase, with the PDB code 1bg0 (Zhou et al., 1998 (Zhou et al., , 1999 , in Figure 2 . We see that the observed distribution is noteably more hydrophilic than the randomized case, though this is not always the case. From the large number of suitable patches, a number of general features can be drawn from their distributions. The observed distributions tend to be narrower than the equivalent randomized distributions. The observed distributions are not as smooth as the randomized distributions. The randomized distributions have a Gaussian-like behaviour. Finally, ∼10% of the observed distributions have two or more peaks. As Table 2. A list of the 28 monomers used in this study   16pk  1a6q  1afk  1ako  1akz  1am6  1amj  1bg0  1bry  1c3d  1cki  1djx  1dmr  1ema  1feh  1gci  1kfs  1mh1  1pjr  1ppo  1yge  1zin  232l  2atj  2bls  2ihl  3cms  5cp4 Supplementary information, we have provided histograms of all the patches examined here.
In order to provide a more detailed summary of the observed distributions, we compute the shift of the observed means relative to the randomized distribution. Hence summaries are drawn for each protein, and the averages, z-scores, etc. are all defined over the set of sequences for an individual patch.
We define the z-score in this case as
where the index i indicates the particular patch of one protein that is being examined and σ i,Randomized is the variance of the randomized distribution for that patch.
As an example we plot the z-scores (and the histogram) for the arginine kinase structure in Figure 3 . We see that the z-scores indicate an excess of patches whose observed mean is more hydrophilic than the randomized distributions. This picture broadly describes the situation for all the proteins. Equivalent plots for all the relevant proteins have been included as Supplementary information.
Means of the observed RHD distribution;
summary for all proteins 3.4.1 z-score Each protein has a distribution of z-scores, as defined in Equation (4), the majority of which (typically 80%) lie between −1 and 1. Patches with such a score have an observed mean that is consistent with the randomized mean, i.e. the patch is neither more hydrophobic nor more hydrophilic. On the other hand, there is an excess of patches which have a z-score less than −1, indicating that these patches have evolved in such a way as to avoid the inclusion of all the hydrophobic residues that are possible. There are also a much smaller set of patches where the z-score is >1, indicating that these patches are more hydrophobic than expected. This is highlighted by plotting the fraction of patches that are more hydrophilic (or hydrophobic) than expected in Figure 4 , i.e. |z| > 1. As we can see, there is a general trend for ∼20% of the patches to be more hydrophilic than expected. The combination of residues that comprise a patch of this type in any of the sequences conspire so that its hydrophobicity is smaller than what would one expect by simply randomly changing the residues through the available list of choices for any site. The mean value for the randomized RHD are more hydrophobic Fig. 2 . An example of a comparison of the sequence varying distributions for the observed data and the randomized results of the protein structure 1bg0 (an arginine kinase), for the patch centred around residue site 170. For this patch, there are 114 sequences which are homologues to the original sequence according to the cut-off criteria of PSI-BLAST and do not have any insertions or deletions for any of the members of that patch, giving a total of 115 sequences. The randomized distribution is normalized to 115 in order to match the total incidence of the observed data. than the mean value for the observed RHD in all but one of the proteins.
Comparison with pairwise randomization
In the case where we have performed a pairwise randomization, we see in Figure 5 that the number of significantly hydrophilic sites has been curtailed in comparison with case, we see that on average, ∼10% of the sites for each protein are significantly hydrophilic. Nonetheless, these are generally larger than the number of cases which are significantly hydrophobic [with the exception of the PDB code 2bls, a structure of the AmpC β-Lactamase of Escherichia coli (Usher et al., 1998) ].
CONCLUSIONS
In this paper, we have presented a novel analysis of the surface composition of water soluble proteins based on the relative placement of residues with respect to their hydrophilicity/hydrophobicity. Although this paper seeks to address the solubility of proteins, it actually considers the detailed structure of the surfaces of monomeric proteins 'frozen' during crystallization. We ignore the 'known' flexibility of these surfaces analysing only the time-averaged observations in well-solvated crystals. We do not address the entropic and enthalpic contributions to solubility, but prefer to limit this analysis to experimental observations. Given these constraints, we have found that although surface residues are not conserved generally during evolution (except in functional sites), the composition of a surface patch is not a random mixture of all the residues that can be accommodated but maintains a hydrophilic character. Therefore, adjacent residues must display some cooperativity to maintain a hydrophilic surface.
In order to provide a comparison with the correlated mutation approach, we have given an initial estimate of the contribution that the nearest structural neighbour could make to variation of a particular site. One would expect that the nearest neighbour could have the strongest correlation with a particular site. If this entirely dominated the correlations then one would expect that the distributions resulting from the pairwise randomization would be the same as the observed distributions. As it is, we find that the mean of the pairwise randomized distributions are indeed more similar to the means of the equivalent observed distributions than the single-site randomized distributions. However, differences remain, suggesting that the level of cooperativity involves more residues than we would expect from pairwise interactions [indeed, this was already suggested by Olmea et al. (1999) and Mandel-Gutfreund et al. (2001) ].
Extensive studies of multiple sequence alignments, which attempt to elucidate functionally active regions of a protein indicate that hundreds, if not thousands of homologous sequences are necessary to separate a signal from the noise (Oliveira et al., 2002) . In this study, ∼100 sequences is taken as being necessary to determine a signal. A concern would be that this study may have incorrect alignments, which would bias the results, however, it is unlikely that such a systematic error would affect the results in such a way. By using a single continuous variable, the RHD, as opposed to a 20 by 20 substitution matrix for a correlated mutation approach, we reduce the noise considerably. This is potentially a very powerful statement regarding protein surface evolution and merits future research. Future work will focus on considering known mutations, which lead to changes in the folding and solubility of the protein and the analysis of sequences using the insights derived from this paper.
